Cryptosporidium is a protozoan parasite that causes a diarrhoeal disease in humans, and which may be spread by swimming pools or infected municipal water supplies. It can be a serious health risk for individuals with weakened immune systems. Genomics has the potential to help control this pathogen, but until recently, it has not been possible to perform whole genome sequencing directly from human stool samples. This is no longer the case, and there are now at least a dozen high quality genomes available via resources like CryptoDB and NCBI, with other isolates being sequenced. The analysis of these genomes will improve current approaches for tracking sources of contamination and routes of transmission by allowing the identification of biomarkers, such as multiple-locus variable tandem repeat regions (VNTRs). However, problems remain due to highly uneven sequence coverage, which causes serious errors and artefacts in the genome assemblies produced by a number of popular assemblers. Here we discuss these assembly issues, and describe our strategy to generate genome assemblies of sufficient quality to enable the discovery of new VNTR biomarkers.
INTRODUCTION
Cryptosporidium is an Apicomplexan parasite causing gastrointestinal disease (Cryptosporidiosis) in humans and animals. In the developing world, Cryptosporidium is one of the main causes of childhood morbidity. A recent large-scale study has evaluated the aetiology, burden and clinical syndromes of moderate-to severe diarrhoea across seven sites in sub-Saharan Africa and South Asia. It identified Cryptosporidium as contributing to approximately 202,000 deaths per year in children less than 24 months old (Sow et al., 2016) . In the UK, C. parvum and C. hominis cause most cases of Cryptosporidiosis. While self-limiting after prolonged duration of symptoms (2-3 weeks) in immunocompetent hosts, severely immunocompromised patients suffer severe, sometimes life threatening disease. C.parvum has a small, very compact genome, with the IowaII reference exhibiting a 9.1Mb genome, bearing 3,865 genes, of which 89.1% are intronless.
The sequencing and assembly of whole or partial genomes has become an essential tool in modern science, facilitating research in every area of biology.
A primary concern for Cryptosporidium is extracting from clinical samples sufficient amounts of high quality, low contaminant DNA for sequencing. Without this, sequencing may result in low coverage sequence, variable sequencing depth and poor quality genome assemblies. In the area of Cryptosporidiosis the impact of genomics has been limited by the need to propagate the parasite in animals to generate enough oocysts from which to extract DNA of sufficient quantity and purity for analysis . In 2015 this problem was overcome through an approach that now allows genomic Cryptosporidium DNA suitable for whole genome sequencing to be prepared directly from human stool samples (Hadfield et al., 2015) . Hadfield et al. (2015) applied their method to the whole genome sequencing of eight C. parvum and C. hominis isolates. Presently, the Cryptosporidium genomics resource, CryptoDB , currently gives access to 13 complete genomes, with a total of 10 available from the NCBI.
Currently clinical diagnosis of Cryptosporidium relies on conventional genotyping tests. The availability of whole Cryptosporidium genome sequences provides much higher resolution information for geno-typing. In addition, the genomes can be used to study a wide array of aspects of pathogen biology, such as identity, taxonomy in relation to other pathogens, sensitivity or resistance to drugs, development of novel therapeutic agents, virulence, and epidemiology. Our interest is to build on current genotyping tests by developing a standardised multi-locus typing scheme. This will allow sources of contamination and routes of transmission to be characterized and compared in a cost-and time-efficient manner (Perez-Cordon et al., 2016; Chalmers et al., 2017) . Here variable-number of tandem-repeats (VNTR) are used, with recent investigations concluding that additional loci need to be identified and validated (Chalmers et al., 2017) . Our work is building on that of Perez-Cordon et al. (2016) , who used Tandem Repeats Finder (Benson, 1999) to identify polymorphic VNTR's around the genome of C. parvum, and analysed them for variation across the eight genomes sequenced by Hadfield et al. (2015) . We aim to use whole genome sequencing of additional isolates and species to help achieve this goal, but this work is hapered by the quality of available genome sequences (Perez-Cordon et al., 2016) . This paper is structured as follows. First, we explain the quality issues associated with genome sequences extracted from clinical stool samples. Then we describe our methods, including the data sets used, a novel metric we use to measure the distribution of read depth in a set of sequenced reads, and the process of assembly with the identification of misassemblies. In the results and discussion sections, we summarise properties of the sequenced reads, show how they can lead to misassemblies, and give evidence of the types of misassembly we encounter. We also describe how our novel metric can explain some of these assembly errors. Finally, we conclude with a brief outline the strategy we use to generate genome assemblies of sufficient quality to use for the discovery of novel VN-TRs.
THE PROBLEM
Although it is possible to derive high quality Cryptosporidium DNA by culturing the parasite in donor animals , this is expensive and time consuming, and is not appropriate for clinical samples, where maintaining sequence identity is essential. Sequencing Cryptosporidium from clinical samples suffers from three major problems:
• The yield of oocysts from clinical samples is low.
• The oocysts are extracted directly from faeces, ne-cessitating extensive cleaning and purification before DNA extraction.
• The DNA yield per oocyst is low.
These three problems commonly result in sequenced data sets with very uneven depth of coverage, which makes assembly and analysis difficult. Uneven sequencing depth has been identified in datasets obtained from published and unpublished paired end read libraries generated by different groups, and which were prepared using the standard Nextera XT DNA sample preparation kit. Uneven sequencing depth may lead to genome misassembly, and we have identified this an issue with a number of popular de novo assemblers. Poor quality genome assemblies can find their way into public repositories of genome sequence and this can confound the development of novel prevention strategies, therapeutics, and diagnostic approaches.
METHOD
Our initial choice of assembly software was to use SPAdes (Bankevich et al., 2012) , following the Hadfield et al. (2015) paper. However, after aligning the assembled genomes to the reference genome, and visualising genome features such as genes and VNTRs, a number of issues became apparent (see Figure 4 ) such as the transfer of large sequence fragments between chromosomes. We assumed this was a computational artefact, rather than a true biological signal, and therefore we have investigated the assembly process in the following manner.
Dataset
We used the dataset presented by Hadfield et al. (Hadfield et al., 2015) , consisting of 7 UK isolates of Cryptosporidium parvum and 3 UK isolates of Cryptosporidium hominis: UKP2 to UKP8 & UKH3 to UKH5. An updated C. parvum IowaII reference assembly was utilised, which included all 8 chromosomes resolved, rather than the 18 fragment IowaII assembly that was used by Hadfield et al. This dataset was used because they currently represent the largest collection of published Cryptosporidium draft genomes from clinical isolates.
For the purpose of identifying a correlation between genes transferred to chimeric regions and Gini, unpublished isolates consisting of 29 UK C. parvum and 19 UK C. hominis isolates where also used. Figure 1 : Coverage across chromosome 7 of the C.parvum UKP3 (top track) and IowaII reference (bottom track) genomes to illustrate the extreme coverage inequality of the UKP3 isolate genome (UKP3 Gini = 0.5489, IowaII Gini = 0.112). Image produced using IGV. Note that the IowaII DNA sequences were derived from an animal model, and have low or "normal" read depth variation, whereas UKP3 is more typical of DNA sequences extracted from clinical samples.
Sequenced Read Analysis
The reads were mapped to a reference genome (C. parvum IowaII for C. parvum and C. hominis TU502 for C. hominis) using Bowtie2 v2.3.3.1. (Langmead et al., 2009 ) Coverage analysis was then performed using Samtools v1.5 (Li and Durbin, 2009 ). In this graph, the Gini coefficient can be calculated as A/(A + B), which represented area under the Lorenz curve (blue) inversely proportional to the line of equality (red). The green dotted lines denote the percentage of reads which cover 80% of a genome used to generate the Lorenz curve (poor coverage depth equality) as compared to a perfect distribution of reads. Read depth was calculated using the 'depth' tool within the samtools package. The Gini coefficient is a measure used to identify inequality in the distribution of a quantifiable metric. It is commonly used in economics to measure income inequality within a population, where it is represented by a value between 0 and 1, with 0 representing perfectly even distribution, and higher values representing higher inequality of distribution. Here we have applied this coefficient to measure inequality of depth of coverage across a genome. For each of the 10 Hadfield genomes, we calculated the Gini coefficient of read depth. The Gini coefficient is defined using the following equation:
where A is the area under the line of equality, and B the area under the Lorenz curve, on the graph of distribution inequality (see Figure 2 ). The green dotted lines (marked at 80% on the x axis) in Figure 2 gives an example of how, in the dataset used to generate the Lorenz curve, 80% of the genome is covered by only 40% of reads (the value at the position of collision of the green dotted line on the y axis), whereas in a perfect distribution it would be covered by 80% of reads.
The algorithm for calculating a genome's Gini coefficient of read depth coverage involves first calculating the mean depth of coverage of 1Kb windows over the genome. These windows are ordered according to their depth of coverage values, and these values rescaled between 0 and 100. This ordered set of read depth values is used to generate the Lorenz curve, L, where the value at every position i on the curve represents the sum of all values at positions ≤ i. A line of equality, E, was generated to represent perfectly even distribution of reads across a genome. The difference between the values at each position on E and L is then calculated and the summed inverse proportional difference (The Gini coefficient) of these values calculated. This was performed using the following equation:
where n refers to the number of windows (read depth values) across the genome, x i is a depth of coverage value at position i on the line of equality E, and x j is the value at position j on the Lorenz curve L.
The Gini coefficient for each genome represents the unevenness of read depth across the genome sequence (an example of uneven coverage across chromosome 7 of UKP3 as compared to Iowa II can be seen in Figure 1 ).
De novo Assembly
First de novo assembly was undertaken in the same manner as those reported by Hadfield et al. (2015) . SPAdes v3.7.1 (Bankevich et al., 2012) de novo assembler was used to construct scaffolds from paired end read files. Kmer sizes of 23, 33, 55, 65, 77 & 89 were used in the assembly, with 1 iteration used for error correction, repeat resolution was enabled and the coverage cut off set to 'off'. Various kmer sizes, coverage cut-offs, repeat masking, and a reference guided assembly approach were used in an attempt to improve assembly quality.
A second de novo assembly was undertaken using velvet v1.2.10 de novo assembler (Zerbino and Birney, 2008 ) on paired end read files using a maximum kmer length of 31, coverage cut-off set to auto, coverage mask set to 2, and the '-short' parameter enabled.
A third assembly was undertaken using IDBA-UD (Peng et al., 2012) , to resolve low coverage regions whilst attempting to prevent generation of chimeric fragments during assembly and scaffolding. 
Post Assembly Processing
The assemblies were improved using the Post Assembly Genome Improvement toolkit (PAGIT) (Swain et al., 2012) : a pipeline consisting of four standalone tools with the aim of improving the quality of genome assemblies. The tools are, in suggested order of execution: ABACAS (Assefa et al., 2009) , IMAGE (Tsai et al., 2010) , ICORN , & RATT (Otto et al., 2011) .
The workflow of this assembly pipeline can be found in Figure 3 .
ABACAS: Algorithm based Automatic
Contiguation of Assembled Sequences ABACAS is a contig-ordering and orientation tool which is driven by alignment of the draft genome against a suitable reference. Suitability of the reference is defined by amino acid similarity of at least 40%. Alignment is performed by NUCmer or PROmer from the MUMmer package (Kurtz et al., 2004) : a tool designed for large scale genome alignment. Contigs from the draft assembly are positioned according to alignment to the reference genome, with spaces between the contigs being filled with 'N's, generating a scaffold of the draft assembly. ABACAS was executed using the updated (All 8 chromosomes resolved) C.parvum IowaII (Abrahamsen et al., 2004) reference genome with default parameters.
IMAGE: Iterative Mapping and Assembly for Gap Extension
IMAGE uses Illumina paired end reads to extend contigs by closing gaps within the scaffolds of the draft genome assembly. IMAGE uses read pairs where one read aligns to the end of a contig and the other read overhangs beyond the end of the contig into the gap. This gap can then be partially closed using the overhanging sequence and by extending the contig. IMAGE was run in groups of three iterations at kmer sizes of 91, 81, 71, 61, 51, 41, & 31, totalling 21 iterations. Scaffolding was then performed with a minimum contig size of 500, joining contigs with gaps of 300 N's.
ICORN: Iterative Correction of Reference Nucleotides
ICORN was developed to identify small errors in the nucleotide sequence of the draft genome, such as those which may occur due to low base quality scores. It was designed to correct small erroneous indels, and is not suitable for, or capable of, correcting larger indels or misassemblies. ICORN was run using 8 iterations and a fragment size of 300.
RATT: Rapid Annotation Transfer Tool
RATT is an annotation transfer too used to infer orthology/homology between a reference genome and a draft assembly. This is achieved by utilising NUCmer from the MUMmer package to identify shared synteny between annotated features within the reference genome, and sequence within the draft assembly. Annotation files (EMBL format) are produced which contain regions which are inferred to be common features. The regions are filtered and transferred dependant on whether the transfer is between strains (Strain, similarity rate of 50-94%), species (Species, similarity rate of 95-99%), or different assemblies (Assembly, similarity rate of >=99%).
RATT was run using IowaII annotations in EMBL format, downloaded from CryptoDB, as a reference. The Strain parameter was used to transfer feature annotations to the draft assembly.
Analysis of Draft Genomes
VNTR's around the reference and draft genomes were identified for the purpose of VNTR comparison and polymorphism analysis. Tandem Repeats Finder v4.09 (Benson, 1999 ) was used to identify VNTR's around the C. parvum IowaII reference genome using a matching weight of 2, mismatch and indel penalties of 5, match and indel probabilities of 80 and 10 respectively, minimum score of 50 and maximum period size of 15. The number of VNTR's per gene is included as a heat map in Figure 4 .
Identification of Misassembly
The draft genomes were analysed in two ways (1) by transferring gene annotations from the reference genome to the drafts using RATT, and (2) by aligning the contigs (from IDBA-UD) or scaffolds (from SPAdes/Velvet) from the draft assemblies to the IowaII reference genome. RATT was used to identify the number of genes which were transferred between genomes: it provided a convenient way of identifying putative chimeric regions i.e. regions on a draft chromosome that contained genes from 2 or more reference chromosomes. NUCmer was then used to investigate these putative chimeric regions by performing whole genome alignments. NUCmer (from the MUMmer package (Kurtz et al., 2004) ) was used with a minimum length of match set to 100, preventing the report of small regions of similarity, a maximum gap of 90, and a minimum cluster length of 65.
Quality Assessment with Gini
The Gini coefficient for each isolate was calculated and plotted against the number of genes transferred to chimeric regions (detailed in section 3.6). The coefficient of determination (R 2 ) was used to calculate the amount of variance in the number of genes transferred to chimeric regions explained by the Gini coefficient.
Data Visualisation
The C.parvum assemblies (UKP2-8) were visualised alongside the C.parvum IowaII reference genome using the Circos package v0.69 (Krzywinski et al., 2009 ). Mapped reads were visualised using Integrative Genomics Viewer v2.4.16 (Thorvaldsdóttir et al., 2013) .
RESULTS
Statistics from the sequencing of the Hadfield et al. genomes can be found in Table 1 . The Gini coefficient values are high (>0.25) in five of the ten paired end read libraries. See Figure 1 for an example of how the Gini value corresponds to actual read depth variation within UKP3 and IowaII. Apart from the variation in read depth, the sets of sequences generally appear to be of good quality, with high genome coverage, and little sign of contamination. Table 2 shows the results of assembly using SPAdes. The results from assembly with Velvet were comparable to that of SPAdes, and therefore are not shown here. Table 3 shows the results of assembly using IDBA-UD. The results shown in these tables indicate that SPAdes produced assemblies with longer and fewer contigs than IDBA-UD, highlighting the differences between the assembly approaches adopted by the assemblers.
Both the assemblies were then run through the PAGIT pipeline to make the improvements described in the methods section, including gap closing and the transfer of gene annotations. The results can be found in Tables 2 and 3 . The SPAdes assemblies required fewer gaps to be closed by IMAGE. The mean percentage of genes transferred by RATT to the improved SPAdes assemblies is >99%. The mean percentage of genes transferred to chimeric regions is 10.6%. Table 3 shows the results of assembly using IDBA-UD, and subsequent improvement and annotation using PAGIT. These genomes benefited greatly from gap closure by IMAGE over those produced by SPAdes (see Tables 2 and 3) , since gaps in intragenic repetitive regions were much more common, potentially confounding VNTR analysis. The mean percentage of genes transferred by RATT to the improved IDBA-UD assemblies is 98%. The mean percentage of genes transferred to chimeric regions is (0) 0.2%. In the IDBA-UD assemblies, the C. hominis genomes performed slightly worse, with 0, 44, and 32 genes transferred to chimeric regions respectively across UKH3, UKH4, and UKH5. The dramatic decrease in the number of genes transferred to chimeric regions indicates significantly fewer misassemblies in improved genomes generated by IDBA-UD than in those of SPAdes, marking a significant improvement. This indicates the effectiveness of using ABACAS to identify gaps within the IDBA-UD assemblies, and IMAGE to close them, which SPAdes would resolve during assembly.
NUCmer, from the MUMMER package was used to identify misassembly, as detailed in section 3.5. Figure 4 shows the extent of misassembly in the isolate genomes, denoted by coloured bars corresponding to which chromosomes regions belong to according to NUCmer. Extensive misassembly was identified in all of the genomes, to varying degrees. The most consistently misassembled chromosome is chromosome 7, with a consistent chromosome 8 misassembly. The most misassembled isolates where UKP3 and UKP8, with 8 misassemblies of larger than 10kb. These two isolates have very high Gini scores (see Table 1 ), of 0.5489 and 0.5570 respectively. Figure 5 illustrates a moderate correlation (R 2 = 0.41) between the Gini coefficient and number of misplaced genes within misassembled chromosomal regions across 45 isolates of C. parvum and C. hominis. Table 4 shows the number of VNTR regions that were missing from the IBDA-UD assemblies before and after gap closure with IMAGE. These results show that a large amount of VNTR regions were resolved using IMAGE, indicating the importance of post-assembly genome improvement in the generation of accurate and reliable genome assemblies. Table 1 indicates high depth of coverage inequality throughout the genomes, represented by relatively high Gini coefficient values in comparison to that exhibited by Iowa II (0.112), which the mean depth and breadth of coverage (fraction of the reference covered) will not indicate. This appears to be a common issue when sequencing Cryptosporidium from human clinical samples. Paired end read libraries accessed from GenBank, sequenced by the Welcome Trust Sanger Institute (Bioproject PRJEB3213), and those published by Troell et al. (2016) (Bioproject PRJNA308172), who was attempting to generate whole genome sequences from single cells using whole genome amplification (Troell et al., 2016) , also suffered from very high Gini coefficients, indicating that this problem is not restricted to a single research team. Figure 5 indicates that there is some correlation between the Gini coefficient and the amount of misassembly within genomes assembled by SPAdes. Although this correlation is weak (R 2 = 0.41).
DISCUSSION
Whole genome alignments were used to identify in silico translocation events (considered putative misassemblies), as detailed in section 3.5. Figure 4 illustrates that translocation occurred in a similar fashion throughout each of the assemblies, with the same areas being merged into similar chimeric genomes, as can be seen in chromosome 7, where the initial 120kb region has merged into the end of chromosome 8 throughout all of the genomes. It is interesting to note that only on UKP3 was a 70kb area from chromosome 5 seen starting at 500kb on chromosome 7. Similarly only in UKP8 was a unique 70kb translocated region seen in chromosome 7 from chromosome 3. These two genomes bear high Gini coefficients, as detailed in Table 1 , which may contribute to this. A peculiarity of these misassemblies is the observed trend of chimeric chromosomes being a result of the native chromosome being flanked upstream by 80kb of the downstream extreme portion of the subsequent chromosome. This is illustrated very clearly in Figure  4 .
Taxonomic evaluation carried out by Hadfield et al. utilising the gp60 marker show that there are five gp60 subtypes within the C. parvum dataset. This variation within the Hadfield C. parvum isolates is supported by Perez-Cordon et al. (Perez-Cordon et al., 2016) which shows clear variation across 28 VNTR loci, suggesting a number of genetic lineages. The very low likelihood of similar translocation occurring across different populations of C. parvum indicates that these events are as a result of misassembly by SPAdes, rather than a biological observations.
Examination of one such chimeric contig (the chr8-chr7 chimeric region at 0-0.14Mb of UKP3 on Figure 4 ) revealed that the region has very low depth of coverage, with no single read spanning the chromosomal fragments. Moreover, the sequences from different chromosomes are joined using a simple "AT" repetitive region with only three reads spanning the repeat region and no reads pairing across it (see Figure 6) . This was observed in a number of other chimeric interface regions. Due to the low complexity, high repeat rich nature of the Cryptosporidium genome, coupled with the difficulties associated with DNA extraction and sequencing of this parasite, there is insufficient evidence to suggest that this represents true biological variation. Instead, it may be attributed to a misassembly by the Spades software. This kind of assembly error was also typical of the assemblies produced by using Velvet de novo assembler.
Unlike SPAdes, the IDBA assembler leaves these sequence fragments unjoined, with the result that significantly less chimeric regions are seen in the IDBA assemblies. This is because IDBA is designed for the task of assembling genomes of highly uneven depth of coverage. Although IDBA-UD did not create so many chimeric contigs, the low complexity regions were often left unassembled, with the result that CDS regions contained gaps. Unfortunately, these gaps often included the VNTRs that we require for our multi-locus subtyping scheme. The second from outer track shows a heatmap of genes bearing Tandem Repeats (TRs), from light yellow denoting a single VNTR within the gene to dark red indicating many TRs within the gene. TRs were identified using Tandem Repeats Finder (see section 3.5).
Both SPAdes and Velvet (data from Velvet not shown) produced full, ungapped CDS regions (see Table 2 ). Thus the IDBA assemblies were not suitable for VNTR analysis and further biomarker identification without significant improvement. PAGIT was used to improve the genomes from all assemblers (see section 3.4), and this improved the resolution of low complexity regions within the IDBA-UD assem-blies. Within PAGIT, ABACAS performs scaffolding on the genome assemblies and introduces gaps across the unassembled regions, the IMAGE tool then performs gap closure on these regions, resulting in high quality intragenic VNTR's for biomarker analysis.
An example of a region resolved by IMAGE can be seen in Figure 7 , which shows a multiple alignment of the cgd5 350 gene from each of the Had- field C. parvum assemblies. This region exhibits 4 distinct alleles, and can therefore be used to define specific genotypes: an essential tool of clinical diagnostics. The number of gaps closed within the IDBA-UD assemblies was significantly higher than within the SPAdes assemblies. This difference in gaps closed was expected, as IDBA-UD was designed for the purpose of assembling genomes which suffer from poor depth of coverage equality, and is therefore more conservative in extending reads across regions with shallow coverage.
The C.parvum assemblies produced by IDBA-UD and PAGIT exhibited very few misassemblies compared to the SPAdes assemblies. However, the C.hominis genomes suffered from a greater amount of putative misassemblies within the IDBA-UD genomes, as measured by the number of genes being transferred between chromosomes. Note that, genes are transferred from the C.parvum IowaII reference genome, which is as different, albeit similar species, and so some biological changes may be expected. Further analysis is required to fully eliminate assembly error as a cause of these chromosomal translocations. Table 4 shows that IMAGE is essential within this workflow for the resolution of repetitive regions which are not resolved during assembly with IDBA-UD. The results show a five to six-fold decrease in the number of VNTR regions missing within the assemblies.
CONCLUSION
In this paper we have performed a detailed analysis of 10 Cryptosporidium genomes assembled with 3 popular assemblers. In summary, the results indicate that assembly with IDBA-UD followed by improvement with PAGIT (with particular emphasis on IMAGE) is an effective and reliable way of assembling high quality draft genomes generated using the protocol detailed by Hadfield et al. (2015) . Due to the protocol required to extract DNA from clinical samples, these genome sequences often have highly uneven sequencing depth even if the coverage across the genome sequence is relatively high. To investigate sequencing depth, we have developed a novel approach that uses the Gini coefficient to determine coverage inequality. We found the SPAdes and Velvet assemblies to be problematic, leading to misassemblies across low coverage, low complexity regions leading to the creation of chimeric chromosomes: up to 15% of all genes were being placed within these chimeric chromosomes. Although the assemblies generated by IDBA-UD did not suffer from the problem of chimeric sequences, they were problematic due to a different assembly approach, leading to a large number of gaps, particularly in repetitive regions. This is a significant issue because these gaps often contained the VNTR sequences that are important to us for developing new clinical genotyping strategies. However, the IMAGE gap closing tool from the genome improvement pipeline, PAGIT, was able to resolve these missing low complexity regions. Using this strategy, of assembly with IDBA followed by gap closing with IMAGE, we will be able to perform more in depth VNTR analysis with the intention of identifying biomarkers that will facilitate the development of novel prevention strategies in the fight against this important disease.
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